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Things You May Not Know About Adversarial Example: A Black-box
Adversarial Image Attack
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Figure 1: #1

2.2 KGAT: Knowledge Graph Attention Network for Recommendation
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Figure 2: #2

2.3 Inductive Representation Learning on Large Graphs
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1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

Figure 3: #3

24 LEARNING DEEP REPRESENTATIONS BY MUTUAL INFORMA-
TION ESTIMATION AND MAXIMIZATION
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Figure 4: #4



